Abstract A multi-scale three-dimensional variational (MS-3DVAR) scheme is developed to assimilate high-resolution Himawari-8 sea surface temperature (SST) data for the first time into an operational ocean nowcast/forecast system targeting the North Western Pacific, JCOPE2. MS-3DVAR improves representation of the Kuroshio path south of Japan, its associated sea level variations, and temperature/ salinity profiles south of Japan, the Kuroshio/Oyashio mixed water region, and the Japan Sea as compared to those of the products by the traditional single-scale 3DVAR. Validation results demonstrate that MS-3DVAR well assimilates the sparsely distributed in situ temperature and salinity profiles data by spreading the information over the large scale and by representing the detailed information near the measurement points. MS-3DVAR succeeds to assimilate the Himawari-8 SST product without noisy features caused by the cloud effects. We also find that MS-3DVAR is more effective for estimating oceanic conditions in regions with smaller mesoscale variability including the mixed water region and Japan Sea than in south of Japan.
Introduction
The operational ocean forecasting based on numerical ocean modeling and data assimilation is advancing toward operating the products with higher spatial resolution and temporal frequency (Varlamov et al. 2015) . Increasing computational resources based on evolving high-performance computing technology facilitates developments of numerical ocean models with higher resolution. Skillful nowcast/forecast with highresolution models requires enough amounts of the observation data well constraining the model state through data assimilation.
Coverage and density of the current satellite altimeters for monitoring the sea surface height anomaly (SSHA) have a limitation of the minimum observable spatial scale of 100 km (Fu and Ferrari 2008) . To capture whole activity of the mesoscale and submesoscale eddies ranging from O (100 km) to O (1 km) scales, we need to fully utilize the current available observation data together with developing new observation facilities including the wide-swath radar interferometry satellites (Fu and Ubelmann 2014; Ichikawa 2014) .
The satellite sea surface temperature (SST) is another important data source for monitoring oceanic condition. The high-resolution SST products obtained from the infrared radiometers well detect the front variability if cloud masking contaminates signals included in the data. A SST product obtained from the infrared sensor of the recent launched Japanese geostationary satellite BHimawari-8^allows relatively high-frequency measurement of SST in a wide area of Western Pacific every 10 min with horizontal resolution 0.02° (Kurihara et al. 2016) . Temporal composite of the high-frequency snapshot measurements removes the missing and contaminated regions caused by the cloud noise more effectively than the previous infrared SST products including the Advanced Very High-Resolution Radiometer (AVHRR). In the present study, we develop an assimilation scheme suitable for the Himawari-8 SST data on an operational ocean nowcast/forecast system in North Western Pacific ocean: JCOPE2 (the real-time nowcast/forecast information is available from the website http://www.jamstec.go. jp/jcope/; also see Miyazawa et al. 2009 for a detailed description), which originally assimilates SSHA, MultiChannel SST resampled with coarse resolution from AVHRR (May et al. 1998) , and in situ temperature and salinity profile (T/S) data. This is the first application of the Himawari-8 SST product to operational ocean nowcast/forecast systems.
The current version of JCOPE2 adopts the threedimensional variational (3DVAR) data assimilation scheme assuming a horizontal single scale of approximately 100 km in the background error covariance (Miyazawa et al. 2009 ), which significantly affects the spatial scale of the target phenomena represented by the data assimilation. We compare the skills of a single-scale (SS-) and multiscale (MS-) 3DVAR implementations on JCOPE2. Li et al. (2015a) describe an algorithm of the MS-3DVAR scheme, and they demonstrate that it reasonably assimilates the observation data with both dense and coarse distributions in the coastal oceans off Alaska (Li et al. 2013) and California (Li et al. 2015b ) coasts. Muscarella et al. (2014) briefly report that both the dense satellite and coarse in situ data are well assimilated into their ocean model in the Kuroshio Extension region. Here, we examine in detail the effects of MS-3DVAR on the skill of JCOPE2 south of Japan, in the Kuroshio/Oyashio mixed water region (the mixed water region), and in the Japan Sea.
Given that the high-resolution data are available with uniform distribution without any data missing regions, SS-3DVAR with a horizontal scale comparable to the data resolution effectively extracts fine-scale information from the data. In this case, skills of MS-3DVARs and SS3DVARs are comparable to each other (Li et al. 2015a) . In real situations, however, the distributions of the available data are not uniform; in particular, the high-resolution infrared SST including the Himawari-8 product involves the data missing areas due to the cloud noise (e.g., Miyazawa et al. 2013) , and in situ temperature and salinity data are obtained with quite coarse resolution (e.g., Miyazawa et al. 2012) . The MS-3DVAR scheme effectively assimilates the localized and patchy dense-distributed observation data without unrealistic smoothing and well spreads the information of the sparse-distributed data (Li et al. 2015a) . In terms of this viewpoint, we investigate skills in SS-3DVAR cases with different horizontal scales and compare their skills with that of MS-3DVAR.
The paper is organized as follows. The model and observation data used in this study are described in Sect. 2. Model skills for the SST reproducibility, the Kuroshio path and its related sea level variations, and the temperature/ salinity profiles are shown in Sect. 3. We examine differences in the skills between the SS-3DVAR and MS-3DVAR schemes by checking the fitting to the assimilated SST data (Sect. 3.1), by validating the results using independent observation data (Sect. 3.2), and by diagnosing the results in terms of intercomparison among sensitivity experiments (Sect. 3.3). We also examine sensitivity of choices of three SST products: Himawari-8, Merged Satellite and In situ Data Global Daily SST (MGDSST; Kurihara et al. 2006) , and Moderate Resolution Imaging Spectroradiometer (MODIS)-SST (Hosoda et al. 2007 ) in Sect. 3.4. Final section is devoted for summary and discussion.
Methods and data
The forward ocean model of JCOPE2 driven by the NCEP/NCAR reanalysis data (Miyazawa et al. 2009 ), based on the Princeton Ocean Model with generalized coordinate of sigma (Mellor et al. 2002) , covers the Western North Pacific (10.5-62°N, 108-180°E; Fig. 1 ), and has a horizontal resolution of 1/12°and 46 vertical active levels. For this study, the model is modified to involve some recent advances in the ocean modeling as follows: (1) replacement of the baroclinic pressure gradient scheme from the fourth order (McCalpin 1994) to the rotated schemes (Thiem and Berntsen 2006) , (2) replacement of the turbulent closure model from Mellor and Yamada (1982) 's level 2.5 model with surface wave breaking parameterization (Mellor and Blumberg 2004) to the Nakanishi and Niino (2009)'s model with a modification for oceanic applications by Furuichi et al. (2012) , (3) input of surface wind relative to ocean current into the bulk formulae (Griffies et al. 2009 ), (4) use of MGDSST (Kurihara et al. 2006 ) for correction of the surface heat flux, (5) addition of precipitation and evaporation data from the NCEP/NCAR reanalysis into the surface freshwater flux with correction to the monthly climatological salinity, (6) the enhanced precipitation along the coasts caused by the coastal precipitation over a strip of land 80 km wide, which represents the freshwater flux from small rivers (Hirose 2011) , and (7) the additional horizontal viscosity (1000 m 2 s −1 ) around the Tsugaru Strait controlling the volume transport of the Tsugaru warm current (Uchimoto et al. 2007 ) and enhancement of the vertical viscosity/diffusivity (a lower bound value of 0.02 m 2 s −1 )
around the Bussol Strait representing the tidal mixing effect (Fujisaki et al. 2010) . The 3DVAR scheme on JCOPE2 implemented by Miyazawa et al. (2009) is modified to extract the information on shorter temporal and smaller spatial-scale phenomena from the high-resolution observation data. The data assimilation cycle period and horizontal grid interval of the analysis are shortened from 7 to 2 days and from 0.25°to 0.125°, respectively. SSHA, SST, and T/S data are assimilated into the model with time window parameters: 5, 1, and 5 days before and after the analysis time, respectively. The temperature-salinity coupling empirical orthogonal mode functions (Fujii and Kamachi 2003) for each subregion (Fig. 1) (Fig. 1 ) using different processors on multicore workstations.
The most critical change in the data assimilation process is use of multi-scale cost functions inspired by series of the recent MS-3DVAR studies (Li et al. 2013 (Li et al. , 2015a (Li et al. , 2015b Muscarella et al. 2014) . Here, we introduce largescale and small-scale components of the analysis increments, δX L and δX S , respectively, for estimation of the analysis temperature/salinity X a from the first guess ones X f ,
The first guess X f from the model is also decomposed into large-scale and small-scale ones,
which are related to the decomposition of the dense observation data,
MS-3DVAR separately minimizes two types of cost functions for the large-scale and small-scale components, Fig. 1 
B S H cT to the conventional 3DVAR cost function are the large-scale and small-scale representativeness error matrices. Practically, H c B L H cT could be negligible (Li et al. 2015a) compared to R c due to relatively weak correlation among variables represented by B L . Note that the formulation of MS-3DVAR (2) and (3) is slightly different from the original one represented by the cost function in an incremental form (e.g., see equations 34 and 35 in Li et al. 2015a) .
The background error covariance matrix B in the 3DVAR scheme of JCOPE2 is characterized by a horizontal-scale parameter (approximately 100 km) representing the decorrelation scale in the Gaussian function (Miyazawa et al. 2009 ). Considering the typical horizontal scale of the mesoscale eddies in North Western Pacific O (100 km) (Kuragano and Kamachi 2000) and the detectable minimum scale on the analysis grid with 0.125°(~14 km), we define the large (for B L ) and small (for B S ) scale parameters as 100 and 30 km, respectively.
The high-resolution SST data from Himawari-8 ( Fig. 2a) , MGDSST, and Aqua/Terra MODIS are considered as the dense observation data in the present study. Gaussian smoothing filter with a spatial scale of 1.5°(approximately 170 km) is utilized for the decomposition of the model (4) and dense observation (5) variables as in the previous studies (Li et al. 2015a (Li et al. , 2015b . T/S profile data are categorized as the coarse observation containing the information on the various phenomena over the broad horizontal-scale range and are included in both the large-scale and small-scale cost functions (2) and (3). SSHA may also contain rich information on the various scale phenomena; however, the maximum spatial interval of the satellite tracks exceeds 100 km at the present time, and the observable spatial scale has a minimum limit of 100 km (Fu and Ferrari 2008) . We thus include SSHA only in the coarse observation term of the large-scale cost function. In the present study, MS-3DVAR is applied to the subregions 2, 3, 4, 10, and 11 ( Fig. 1 ) because of our particular interest to the ocean current variability there.
The observation error covariance matrix is supposed as the diagonal form. We assume that the error standard deviation values of SSHA are 0.05-0.1 m ( Table 1 ). The observation error standard deviation of temperature T o err including both in situ and satellite SST and salinity S o err is specified as follows:
where T o std n; z ð Þ and S o std n; z ð Þ are the standard deviation values of observed temperature and salinity, respectively, and depend on the 11 subregions (n) and 24 vertical levels (z) from 0 to 1500 m. σ denotes the normalized first guess error parameter as represented in
where T f err and S f err are the error standard deviation values of the first guess temperature and salinity, respectively. Table 1 indicates σ values applied to the subregions ( Fig. 1) , which are generally similar to those used in the previous studies (Usui et al. 2006; Miyazawa et al. 2009 ).
After checking a preliminary assimilation result, we have decided to enhance constraint to the SST observation in the regions 1, 5, 6, 7, 8, and 9:
(SST errn = 0.5; Table 1 ). The large-scale representativeness er-
) is simply ignored in the MS-3DVAR implementation by following the discussion by Li et al. (2015a) . Effects of small-scale one H c B S H cT included in the large-scale cost function (2) are simply parameterized by slightly decreasing σ from 0.7 to 0.6 (Table 1) .
The modified JCOPE2 system is tested for both SS-3DVAR and MS-3DVAR schemes assimilating the following observation data: along-track SSHA data of the Ssalto/Duacs altimeter products (Jason-2, Cryosat-2, Saral, HaiYang-2), Himawari-8 SST data, and the Global Temperature-Salinity Profile Program (GTSPP) temperature and salinity profiles (see Fig. 3a for the locations). To validate the products by using the temperature and salinity data independent from the assimilation, we randomly extract 10% amount of the data from the GTSPP archive and do not assimilate them (Fig. 3b) .
Several choices of the horizontal error covariance scale for SS-3DVAR 100, 50, and 30 km are applied in the target regions 2, 3, 4, 10, and 11 for comparison to the result of MS-3DVAR (Bmulti^) with a combination of 100 and 30-km scales (Table 2 ). In other regions 1, 5, 6, 7, 8, and 9, zonal and meridional horizontal scales are specified as 150 and 100 km, respectively, for SS-3DVAR according to a scale estimate based on Kuragano and Kamachi (2000) . Example snapshots of SST on 18 January 2016 are shown in Fig. 2b (100 km), c (multi), and d (30 km).
In addition, other SST products MODIS-SST and MGDSST are used in place of Himawari-8 SST for MS-3DVAR (Table 2 ). The original SST products of Himawari-8 and MODIS have horizontal resolutions of 2 and 1 km, respectively. The assimilation of them is performed after regridding to a 0.1°grid (e.g., see Fig. 2a for Himawari-8). It is found that the MODIS data requires relatively rigorous quality check (Miyazawa et al. 2013 ) and additional horizontal Gaussian smoothing with a 0.25°scale because they sometimes show serious noisy features. The assimilation of MGDSST with horizontal resolution of 0.25°is performed without regridding. All experiments are started without data assimilation from the initial condition same as the FRA-JCOPE2 reanalysis data (Soeyanto et al. 2014) RMSD sequences (colored thick curves), respectively. A scale of 150 km is specified as a criterion of scale decomposition using Gaussian smoothing filter. Thin black curves denote coverage rate of Himawari-8 SST data in the three subregions SST data is relatively low in the three target regions for a period from August to October 2015. Coverage rate of the SST data affected by the cloud condition is negatively correlated with RMSD owing to possible deterioration of the SST data quality through the cloud effects (Kurihara et al. 2016 ). In the mixed water and Japan Sea southern regions, the coverage rate frequently drops and RMSD also frequently increases in winter season. Mean RMSD values of the MS-3DVAR case (green-colored curves) are less than 1°C (0.55, 0.98, and 0.75 (°C) averaged for south of Japan, the mixed water region, and the Japan Sea southern region, respectively), which is comparable to RMSD between Himawari-8 (daily composite in 0.1°g rid) and in situ observation (GTSPP) SST data, 0.83°C in the JCOPE2 region (see Fig. 1 for the region), and RMSD of 0.59 K evaluated from the rigorous validation using the buoy data by Kurihara et al. (2016) . Mean absolute difference (BIAS) values of the MS-3DVAR case are +0.16, +0.12, and +0.02 (°C) for south of Japan, the mixed water region, and the Japan Sea southern region, respectively, and they are also similar to the estimate using in situ data obtained by Kurihara et al. (2016) , +0.16 K, and our estimate in the JCOPE2 region between the gridded Himawari-8 and in situ data, +0.18°C. Sensitivity to horizontal single scales is not evident south of Japan (Fig. 4a) . In particular, RMSD for larger scale features is not sensitive to the choices of the horizontal scales there (Fig. 4b) . The SS-3DVAR case with 100-km scale shows largest deviation for smaller scale features among all the cases (Fig. 4c) . RMSD of the MS-3DVAR case is basically similar to that of the SS-3DVAR case with 30 km for the total (Fig. 4a) , larger scale (Fig. 4b) , and smaller scale (Fig. 4c) variations.
In the mixed water region, applying smaller horizontal scales to SS-3DVAR leads to further reduction in total RMSD (Fig. 4d ) and small-scale RMSD (Fig. 4f) , though large-scale RMSD is not much different among all the experiments (Fig. 4e) . The MS-3DVAR case shows the skill comparable to that of SS-3DVAR with 30 km (Fig. 4d-f ). Applying single 100 and 50-km scales results in larger amplitude of small-scale RMSD in winter season as compared to the 30-km case and MS-3DVAR (Fig. 4f) , suggesting insufficient capture of the observed features as indicated by comparison of Fig. 2a, b .
Total RMSD values in the Japan Sea southern region of all the SS-3DVAR cases increase more than that of the MS-3DVAR case during a period from October 2015 to January 2016 (Fig. 4g) . Both large (Fig. 4h) and small (Fig. 4i) scale RMSD values of the SS-3DVAR cases also show similar increase, but the increase of the small-scale RMSD values (Fig. 4i) is more evident than that of the large-scale RMSD values (Fig. 4h) .
We find that relatively small-scale patches of anomalous temperature and salinity sometimes appear under the cloudy conditions in the cases of 50 and 30 km. Examples of the SST patches in the Japan Sea in the case of 30 km are shown in Fig. 2d (around 37°N, 133°E, and 39°N, 139°E ) when the clouds contaminate the Himawari-8 SST distribution in the Japan Sea (Fig. 2a) . The cloudy conditions in the Japan Sea frequently appear especially in winter season, which is related to the winter monsoon. SS-3DVAR with smaller scales of 30-50 km results in overfitting to the SSHA data (residual of (g) (h) (i ) Fig. 4 (continued) approximately 0.02 m under the prescribed error standard deviation estimate of 0.05 m) in the Japan Sea, and the anomalous temperature/salinity patches are sometimes created owing to the overfitting to SSHA and relatively weak constraint by the other data including Himawari-8 SST, depending on amount of the available data affected by the cloud condition. A sensitivity experiment of SS-3DVAR with 30-km scale without SSHA assimilation in the Japan Sea (the regions 10 and 11; see Fig. 1 for the locations) reduces all the RMSD indices ( Fig. 4g-i) , demonstrating the overfitting to SSHA in the SS-3DVAR with 30-km scale.
Validation of the products using independent observation data
We examine the Kuroshio path variation south of Japan by comparing the modeled Kuroshio path positions defined as the strongest gradient positions of SSH with the Kuroshio path positions reported by the Japan Coast Guard. Time sequences of RMSD in the latitudinal positions averaged from 133 to 139 E (Fig. 5) indicate that all the cases show similar variations, implying that reproducibility of the Kuroshio path positions is not much sensitive to the choice of the horizontal scales. This is not surprising because the reference Kuroshio path positions mainly represent the smoothed large-scale information (e.g., see Fig. 9 in Miyazawa et al. 2013 ). Temporally and spatially averaged RMSD values shown in Table 3 suggest a best skill in the MS-3DVAR case among all the cases. Figure 5 displays that the MS-3DVAR case results in more stable RMSD variation than the SS-3DVAR cases as also indicated in standard deviation results (Table 3) .
Daily tide gauge data (see Fig. 3b for the locations of the tide gauge stations) are compared with the modeled sea level variations (Tables 4 and 5 ) after the barometric correction (Kawabe 1989 ) and the tide killer filtering (Hanawa and Mitsudera 1985) . The corrected sea level variations along the southern coasts of Japan are closely related with the Kuroshio path variations with various timescales (Kawabe 1989) . All the cases show similar good skills (Table 4) except for the sea level difference (SLD) between Kushimoto and Uragami (KSUR), which is a useful indicator of the Kuroshio path variation around these places (Kawabe 1989) . MS-3DVAR well reproduces two events of passing of the Kuroshio small meander off Kushimoto and Uragami in August 2015 and February-March 2016 (not shown), resulting in smaller RMSD (Fig. 5 ) and better reproducibility in SLD (not shown) during the two periods than the SS-3DVAR cases.
In the Japan Sea, sea level variability after barometric and tidal corrections is affected by the path variations of the Tsushima Warm Current (Choi et al. 2004 ). Skills for reproducing the sea level variations at three points in the Japan Sea (see Fig. 3b for the locations) are generally similar among all the cases ( Table 5 ). Note that RMSD at the Saigo station (SA) increases in the SS-3DVAR cases with 50 and 30-km scales and exclusion of SSHA assimilation in the 30-km case reduces RMSD, suggesting that the overfitting to SSHA causes the relatively large deviation from the observed sea level variation there. Around SA, the mesoscale eddy activity is Ocean Dynamics (2017) 67:713-728 relatively high as compared to around the other two stations, and the overfitting to SSHA tends to be pronounced around there (also see Fig. 9 ). Figure 6 compares fitting to in situ temperature and salinity profiles independent from the assimilation among the MS-3DVAR and SS-3DVAR cases. In south of Japan, a temperature RMSD profile in the upper 400-m depth for the MS-3DVAR case is smaller than all the other cases (Fig. 6a) ; even the mean absolute difference (BIAS) in temperature and Table 4 except for including an additional case B30 km nosh^and for the data in Japan Sea (see Fig. 3b 
(f) Fig. 6 Profiles of RMSD (curves) and BIAS (points) in temperature (a, c, e) and salinity (b, d, f) between the assimilation products and independent observation data (see Fig. 3b for data locations). a, b South of Japan. c, d Mixed water region. e, f The Japan Sea southern region salinity shows no considerable difference among all the cases (Fig. 6a, b) , and salinity RMSD of MS-3DVAR is slightly worse than SS-3DVAR with 100-km scale for a depth range from 200 to 500 m. In the mixed water region (Fig. 6c, d ), the MS-3DVAR case results in reduced RMSD and BIAS of temperature and salinity in the upper 200 m as compared to those in the SS-3DVAR cases. Comparison of temperature and salinity snapshots indicates that decreasing horizontal scale in the SS-3DVAR cases tends to represent small-scale patches in the Oyashio water region (not shown) and intensity of the patches are more enhanced in salinity than that in temperature, as demonstrated by significant increase in salinity RMSD for the 30-km case shown in Fig. 6d .
Dependence of the skill on the single horizontal scales used in the SS-3DVAR cases is not simple in the Japan Sea southern region (Fig. 6e, f) . The use of the 100-km scale leads to RMSD exceeding 3°C owing to less ability to capture detailed structures of the observed phenomena by use of the horizontal larger scale as compared to the observable horizontal scale (cf. Fig. 2a, b) . Decreasing the horizontal scale to 50 km reduces RMSD in temperature but increases that in salinity. Further reduction of the scale to 30 km slightly changes the skill in salinity but considerably deteriorates the skill in temperature in association with the unrealistic patchy phenomena (e.g., Fig. 2d ) caused by overfitting to the SSHA observation, which is demonstrated by the improved skill in the sensitivity experiment excluding SSHA assimilation. Both RMSD and BIAS of MS-3DVAR are generally smallest among all the cases.
Diagnosis of the SS-3DVAR and MS-3DVAR results
MS-3DVAR spreads the information contained in the coarse observation data over the broad area through the optimization of the large-scale cost function, while it extracts the detailed information from the observation through the small-scale cost function optimization (Li et al. 2015a) . To confirm the effects of the multi-scale optimization, we plot in Fig. 7 temperature RMSD at 100-m depth between the analysis and assimilated in situ observation data, which are evaluated from the third terms of (4) and (5) in the MS-3DVAR cases and from the corresponding term in the SS-3DVAR cases, in optimization results for the regions 4 (Fig. 7a), 2 (Fig. 7b), and 11 (Fig. 7c) , which roughly correspond to SOJ, MWR, and JSS, respectively. In the region 4 including south of Japan (see Fig. 1 for the location), the large-scale cost function in MS-3DVAR is well optimized as done in the 100-km scale SS-3DVAR cost function, and moreover, the small-scale cost function in MS-3DVAR is optimized more effectively than done in the SS-3DVAR cost function with 30-km scale (Fig. 7a) . In both the region 2 including the mixed water region (Fig. 7b) and region 11 including the Japan Sea southern region (Fig. 7c) , the analysis temperatures in both large and small scales are fitted to the observation data more than those in the SS-3DVAR cases with 100 and 30-km scales, respectively. Figure 7 demonstrates that the MS-3DVAR case achieves the estimation of the temperature simultaneously in both large and small scales. Although the SS-3DVAR cases with the smaller scales allow (a) (b) (c) Fig. 7 Time sequences of RMSD between the analysis and assimilated observation temperature data at 100-m depth in the optimized cost functions of the regions 4 (a), 2 (b), and 11 (c). See Fig. 1 for the locations. Note that Bmulti.large^and Bmulti.small^correspond to the third terms of (4) and (5), respectively the fitting to the data confined near the measurement location, it does not confirm the fitting over larger scales. The deterioration of the skill in the fitting to the independent data (Fig. 6 ) could occur as a result of the enhanced fitting with the single smaller scales.
Temperature (Fig. 8a) and salinity ( Fig. 8b ) RMSDs at 100-m depth between the MS-3DVAR and SS-3DVAR with 100 km clearly indicate that the modification by MS-3DVAR appears confined around the oceanic fronts including the Kuroshio, Kuroshio Extension, the Japan Sea Subpolar Fronts, and Subarctic Frontal Zone (Kida et al. 2015) , which is quite consistent with the expected effect of MS-3DVAR allowing representation of the fine-scale structures associated with the front variability by use of a smaller horizontal scale, 30 km. SS-3DVAR with 30-km scale also results in the changes around the oceanic fronts as compared to SS-3DVAR with 100-km scale (Fig. 8c) . The magnitude of RMSD in the mixed water region and the Japan Sea is larger than that of the MS-3DVAR case (Fig. 8a) , and it is related with the patchy features shown in SS-3DVAR with 30-km scale (e.g., Fig. 2b ) and the enhanced deviation from the independent data (Fig. 6c, e) . RMSD between MS-3DVAR and SS-3DVAR with 30-km scale (Fig. 8d ) also suggests the overmodification around the fronts caused by the use of 30-km single scale.
Since the typical horizontal scale of mesoscale eddy in the Japan Sea is 100-150 km (Morimoto et al. 2000) and observable minimum scale of the present altimeter satellites is 100 km (Fu and Ferrari 2008) , the horizontal scales of 30 and 50 km are not suitable for the assimilation of SSHA for capturing the mesoscale eddies in the Japan Sea. The overfitting often arises owing to the weak constraint to the SST data with large part of missing when the clouds associated with the winter monsoon cover the large area of the Japan Sea. Figure 9 compares RMS variability of temperature at 100-m depth among SS-3DVAR with 100-km scale (Fig. 9a) , with 50-km scale (Fig. 9b) , with 30-km scale (Fig. 9c) , with 30-km scale but without SSHA data assimilation (Fig. 9d) , and MS-3DVAR (Fig. 9e) . The use of smaller horizontal scales (50 and 30 km) results in wrongly enhanced variability especially around the SA station (see Fig. 3b for the location), leading to worse skills in the sea level variation (Table 5 ). Excluding SSHA assimilation in SS-3DVAR with 30-km scale (Fig. 9d) effectively removes the overfitting effect but it causes the underestimation of the variability as compared to those in the other cases with SSHA assimilation. MS-3DVAR ( MS-3DVAR is able to avoid the mismatch between the observable minimum sampling scale and dominant horizontal scale of the target phenomena, like aliasing. Note that the use of multi-scales is more effective in the mixed water region and Japan Sea than south of Japan (Figs. 8 and 9 ). This is reasonably consistent with smaller horizontal scales of oceanic phenomena characterized by the first mode internal Rossby radius in the former two regions than in the latter one region (Oh et al. 2000) .
SST sensitivity experiments
Other high-resolution SST products of MGDSST and MODIS-SST are assimilated into the model using MS-3DVAR. Even with coarser resolution (0.25°) of MGDSST than Himawari-8 (0.1°in this implementation), RMSD and BIAS of the MGDSST case in comparison with the T/S data are almost similar to those in the case assimilating Himawari-8 SST ( Fig. 10 for south of Japan and also in the other regions including the mixed water region and the Japan Sea; not shown). The skill reproducing the Kuroshio path positions is also similar to the Himawari-8 case (Table 3) . The assimilation of MODIS-SST causes increase of both RMSD and BIAS in subsurface layer (Fig. 10 , also in the other regions; not shown), suggesting that the noise in MODIS-SST remaining after the quality check and horizontal smoothing still affects the representation of temperature/salinity profiles of the assimilation products. The recent degradation of the MODIS sensor (Polachenski et al. 2015) possibly enhances the noise. Reproducibility of the Kuroshio path positions in the MODIS-SST case is worse and more unstable than in the other cases (Table 3) , which could be also affected by the noise.
The sea level variations south of Japan are well reproduced in both MGDSST and MODIS cases (not shown) as in the Himawari-8 case (multi in Fig. 5b ) except for SLD between Kushimoto and Uragami. For this SLD, correlation coefficients are 0.61 and 0.50 for the MGDSST and MODIS-SST cases, respectively, while it is 0.70 for the Himawari-8 case, suggesting a better skill for representing the Kuroshio path variation east of Kushimoto and Uragami by assimilating the Himawari-8 SST as compared to the assimilation of the other SST products.
Summary
We implement the MS-3DVAR (Li et al. 2015a ) with a combination of 100 and 30-km scales on an operational North Western Pacific ocean nowcast/forecast system JCOPE2, which originally uses a SS-3DVAR scheme with approximately 100-km scale (Miyazawa et al. 2009 ). The present study is the first application of MS-3DVAR and Himawari-8 SST assimilation to operational ocean nowcast/forecast systems. MS-3DVAR effectively assimilates the sparsedistributed T/S profile data by spreading the information over the large scale and representing the detailed information near the measurement points, as noticed by the original theoretical study (Li et al. 2015a ). In addition, we find that JCOPE2 with MS-3DVAR reasonably assimilates the Himawari-8 SST product without noisy features caused by the cloud effects that are involved in the infrared-type SST data. We also find that MS-3DVAR is more effective for estimating oceanic conditions in regions with smaller mesoscale variability including the mixed water region and Japan Sea as compared to in south of Japan because it safely avoids aliasing-like phenomena that are induced by coarse density sampling of SSHA.
The Himawari-8 SST product is assimilated by MS-3DVAR without any additional quality check and smoothing, while the assimilation of the MODIS-SST product results in the worse skill of the water mass distribution even with the relatively rigorous quality check and additional smoothing, indicating requirement of more enhanced calibration for the current MODIS-SST product. The skills of the MGDSST assimilation product for the indices used in the present study are almost comparable to those of the Himawari-8 SST assimilation. The assimilation of MGDSST with 0.25°resolution could be useful for the current target scale range: 100-30 km. Although the Himawari-8 SST data are available from August 2015, MGDSST and AVHRR SST data are available from 1980s. We are planning to update the JCOPE2 reanalysis data (Miyazawa et al. 2009 ) by the use of the modified JCOPE2 with MS-3DVAR utilizing MGDSST and/or AVHRR SST.
Note that temperature/salinity RMSD between the MGDSST and Himawari-8 SST assimilation cases (not shown) shows considerable deviation from each other similar to those shown in Fig. 8a , b but with smaller magnitude around the oceanic fronts than indicated in Fig. 8a, b , suggesting possible impacts of utilizing the higher resolution Himawari-8 SST data under the current model setting (cf. Kawai et al. 2015) . Full utilization of the high-resolution Himawari-8 SST may require applying it to higher resolution ocean models with smaller target scales and/or more advanced data assimilation methods (e.g., the ensemble Kalman filter with 1/36°resolution by Hihara et al. 2017, in preparation) .
MS-3DVAR provides an intermediate option for further improvement of the 3DVAR prior to switching over to the advanced but expensive methods including the ensemble Kalman filter (e.g., Miyazawa et al. 2013 ) and 4DVAR (e.g., Usui et al. 2015) . It is interesting to carefully compare cost and benefit depending on possible choices of the forward models with higher resolution and the data assimilation methods with various levels of the implementation and computational costs.
